ABSTRACT: Due to the fact that oil prices had a falling outlook after the global crisis, modeling oil market prices has been a topic of interest among researchers. The goals of this study are to investigate the recession or growth periods of oil futures markets using Markov switching autoregressive models, and to analyze the models' durations and probabilities to provide information to the investors who invest in these markets. The study findings indicate that oil prices have a nonlinear pattern with three regimes. The model that best describes the oil futures markets is MSIH(3)-AR(0) with three regimes.
Introduction
The study of oil prices has been growing in importance in recent years because of the falling outlook. The extreme movements of both oil and oil futures prices as well as oil prices beginning in 2008 sparked the interest. 2009 was keenly watched after the oil prices exceeded $145 and then sharply decreased below $50 in 2008. The oil futures prices never reached $100 USD after July 2014, and the following year prices fell. According to the Organization of the
Literature
The theoretical basis for the observed price behavior of futures was examined by Working (1949) , with a particular focus on inter-temporal price relations, "defined as relations at a given time between prices applicable to different times" (Working, 1949 (Working, , p.1254 . Working found that the inter-temporal price relation was explained by the commodity's carrying cost because participants in the futures market try to make profit, the arbitrage possibilities eliminate any bias in the futures prices. In another early study, Rockwell et al. (1967) , examined 25 commodity markets for the period [1947] [1948] [1949] [1950] [1951] [1952] [1953] [1954] [1955] [1956] [1957] [1958] [1959] [1960] [1961] [1962] [1963] [1964] [1965] and found that futures prices rose by about 4% annually. Breeden and Litzenberger (1978) , and Breeden (1979 Breeden ( , 1980 modeled expected returns in commodity futures by using intertemporal capital arbitrage pricing model (CAPM). They found that changes in the expected returns were associated with real consumption and the consumption betas. In addition, Dusak (1973) and Breeden (1980) also related futures prices to the expected risk premium.
One recent study examines price discovery in the prominent market price benchmarks crude oil West Texas Intermediate (WTI) and crude oil Brent (Elder et al., 2014) . The authors find no evidence that the dominant role of crude oil WTI in price discovery was diminished by the price spread between WTI crude oil and Brent crude oil that emerged in 2008. In another study, the volatility of crude oil price futures returns were analyzed by Baum and Zerilli (2016) for the period from October 2001 to December 2012. The results of the model applied to the intraday data indicate that stochastic volatility models are effective in fitting the volatility of oil price futures returns. Bernard et al. (2015) modeled oil futures prices using weekly and monthly data and maturities of one to four months. Their results show that forecast performances improve with longer date-to-maturity futures, suggesting that the role of the convenience yield is greater when physical oil inventories are held for longer durations. In addition, forecast accuracy is highest at the one year horizon, though the time-varying convenience models (the mean-reverting class of models from Schwartz and Smith (2000) and Schwartz (1997) ) have a much higher accuracy than the autoregressive conditional heteroskedasticity (ARCH) and generalized autoregressive conditional heteroskedasticity (GARCH) models over the three and five-year horizons.
Even though there is not a wide literature on the nonlinear approach, there have been some studies examining spot oil prices by Vo (2009) , Kordnoori et al. (2013) , and Zlatcu et al. (2015) . Vo (2009) used the Markov switching stochastic volatility (MSSV) model to explain the behavior of crude oil prices in order to forecast their volatility. Zlatcu et al. (2015) studied the fuel markets of Romanian, Germany, France, Poland and the Czech Republic, examining the price volatility and the response of retail fuel prices to changes in international crude oil prices by estimating univariate and multivariate GARCH models, as well as applying a momentum threshold autoregressive (MTAR) co-integration model. Kordnoori et al. (2013) modelled the fluctuations of Brent oil prices by integrating the limit probability distribution of a Markov chain and Gumbel Max distribution.
One of the previous studies examining the nonlinear behavior of oil futures considers the daily returns of the second nearest crude oil futures based on WTI: Fong and See (2002) examine the effect of volatility in daily returns on crude oil futures using GARCH, RS, RSARCH-t and RSGARCH-t models. They find that RS models are useful both to financial historians interested in studying the factors behind the evolution of volatility and to oil futures traders interested in using the model to extract short-term forecasts of conditional volatility. Similarly, Chevallier (2013) used the Markov regime switching vector autoregression (MS-VAR) model to explore the influence of different economic variables on the 2008 oil price swing. Zhang and Zhang (2015) singled out a Markov switching model (MS(3)-AR(2)) with three regimes for the samples of Brent and WTI crude oil prices before and after the 2008 financial crisis. They found three regimes for both crude oil markets before and after the crisis.
Data and Model

Data
The data used includes daily crude oil WTI futures (1539 days) and crude oil Brent futures (1592 days) from January 4, 2010 to December 31, 2015 (Figure 1 ). For the futures oil prices, we used the nearest contracts' prices of WTI. The data is obtained from investing.com, which is a global financial portal that offers 27 localized editions in 20 languages. We used the differential natural logarithmic prices (logarithmic returns).
One crude oil WTI futures or crude oil Brent futures contract is equivalent to 1000 US barrels (42 000 gallons) of light, sweet crude oil. These contracts are some of the world's most liquid oil commodities and are important benchmark for oil markets. Table 1 shows that the skewness is negative for both WTI and Brent. This negative skew indicates that the tail on the left side of the probability density function is fatter than that on the right side, which has already been seen in Figure 1 . Similarly, the kurtosis is less than 3 for both series -these series are said to be platykurtic. These distributions produce fewer and less extreme outliers than do normal distributions.
Markov Switching Autoregressive Model
The Markov Regime Switching model is used to describe a situation or stochastic process that determines the change from one regime to another via a Markov chain. In Markov switching models, the Markov chain is used to model the behavior of a state variable that cannot be directly observed and determines the regime of the market. The regime of the state variable should be strongly related to the regime of the economy or market. The economy might be in a recession regime or a growth regime. In a Markov Regime Switching model, the state (regime) of the economy (s t ) cannot be directly observed, although the time series variable y t can be observed. The state of the market can only be identified with some probability. At the same time those observations are supposed to be dependent on the properties of the regime. When the state of the economy in the Markov regime is determined, the next regime can be expressed as a probability.
The general idea behind this class of RS models is that there is a time series process y t dependent on an unobservable regime variable s t that represents the probability of being in a particular state of the world (Krolzig, 2000) . This can be written as follows:
where X t are exogenous variables; and θ m is the parameter vector associated with regime m.
In Markov switching models, the regime-generating process is an ergodic Markov chain with a finite number of states defined by the transition probabilities (Krolzig, 2000) .
s t follows an ergodic M-state Markov process with an irreducible transition matrix:
In a two-state model, the transition probabilities of moving from one state to the other are denoted as:
Note that for each p i,j to define a proper probability, it must be nonnegative, and it should also hold that p 11 + p 12 = 1 and p 21 + p 22 = 1 (Franses and van Dijk, 2000) .
The probability of which regime is in operation at time t conditional on the information at time t − 1 only depends only on the statistical inference on s t−1 : P r(s t |Y t−1 ; X t ; S t−1 ) = P r(s t |s t−1 )
If the probabilities of switching between regimes are known, the ergodic probability of any state can be calculated. The probability of any observation being in any state is called the ergodic probability. The ergodic probabilities for a two-state model are given as (Bildirici et al., 2010) :
The Markov switching time series analysis was first implemented by Hamilton (1989) to analyze business cycles. Hamilton investigated the possibility that macroeconomic variables fluctuate on a cyclical time scale between calendar time (e.g., month, quarter or another unit of time) and economic time. The time transformations between economic and calendar time depend on the economic history of the process such as whether the economy has been in a cyclical recession or growth phase. The two main types of Markov switching models are the Markov switching model of conditional mean (MSM) and the Markov switching intercept (MSI) model. In the MSM model, the regime switches according to the conditional mean (µ st ), while in the MSI model, the regime switches according to the constant (c st ). In addition, the Markov switching intercept and heteroskedasticity (MSIH) Model is a third type of Markov switching model that has proven to be strong in explaining financial time series. These three models are denoted as follows:
MSM model :
MSI model :
MSIH model :
where Φ is an autoregressive coefficeint; u t is an unobservable zero-mean white noise vector process; y t−1 is the lagged value of the dependent variable; and σ st is the standard deviation of the error term conditional on the state variable s t . The regime in MS-AR models is defined as an unobserved state variable affecting the levels or volatility of the distributions of financial asset returns (Perez-Quiros and Timmermann, 2001; Guidolin and Timmermann, 2006) . These models also explain the fat tails, periods of turbulence followed by periods of low volatility, and skewness of many financial series. Moreover, these models can capture nonlinear stylized dynamics of asset returns in a framework based on linear specifications, or conditionally normal or log-normal distributions, within a regime (Ang and Timmermann, 2011) .
Empirical Analysis
We applied autoregressive models with different numbers of regimes (2 or 3) and different lags (0-4) to the time series of the oil futures logarithmic returns. Taking linearity as our null hypothesis, and following Davies (1987), we considered a p-value less than 0.05 a statistically significant rejection of the null hypothesis. We estimated 15 models for crude oil WTI and 14 models for crude oil Brent that show non-linear characteristics.
Markov Switching Autoregressive Model for Crude Oil WTI
The model that best explains the nonlinearity of crude oil WTI is MSIH(3)-AR(0), which has the minimum Hannan-Quinnn criterion (HQ) (−5.2666) and Schwarz criterion (SIC) (−5.2404 ) from among the models tested. This model has a large log-likelihood ratio statistic (4063.3734) that signifies the maximum likelihood estimate of the transition possibilities for the Markov model. Additionally, the MSIH(3)-AR(0) model has the largest value of the likelihood ratio (LR) statistics (370.1262) which indicates how much more the nonlinear model explains the relation than does the linear model. Of the 15 models that shows statistically significant nonlinearity, the MSIH(3)-AR(0) is the most powerful one. The regime switching mechanism in the MSIH model is specified by the intercept (I) and volatility/heteroskedasticity (H).
Coefficients of the MSIH(3)-AR(0) model for crude oil WTI are shown in Table 3 . The estimation procedure implemented in the "Ox Metrics program" identifies regime 1 (slightly downward), regime 2 (slightly upward) and regime 3 (sharply downward) of the model. In many studies, regime 3 is identified as an expansion period with positive coefficients appropriate to the business cycle (Krolzig, 2000; Markov, 2010; Medhioub, 2015; Koy, 2017) . Due to the falling trend across the whole observation period, we have negative coefficients in regime 1 and regime 3. With negative returns and high volatility, regime 1 is called slightly downward by Zhang and Zhang (2015) , while regime 3 with the highest volatility and absolutely negative returns, is called sharply downward. Regime 2, which has the only positive coefficient, is called slightly upward.
Transition probability represents the likelihood that the crude oil WTI price return will stay in the original regime or switch to another regime. According to the matrix of transition probabilities for crude oil WTI (Table 4) , if an observation is in regime 1, the following observation has a probability of 97.33% of being in regime 1, a probability of 0.85% of being in regime 2 and a probability of 1.82% of being in regime 3. In other words, if the oil futures market has been observed to have a slightly downward regime a given day, a low negative return is expected to be observed on the following day with a probability of 97.33%. Similarly, the probabilities for regimes 2 and 3 are shown in Table 4 . For example, if the market is observed to be in regime 2, the following day is expected to be in regime 2 with a probability of 98.75%. There is also a probability of 1.25% that it will be in regime 1 and essentially 0% probability that it will be in regime 3.
In the six year period studied, the greatest number of observations (728) and the highest probability (0.47) belong to the slightly downward regime (regime 1). The longest duration (80 days) is seen in the slightly upward regime (regime 2); if the returns are positive, the market is expected to stay in the slightly upward regime for 80 days. The smallest number of observations (306), the lowest probability (0.21), and the shortest duration (24) all belong to the sharply downward regime (regime 3). In addition, according to the ergodic probabilities (Table 5) , being in regime 1 has the highest probability for any observation at any moment (0.4709).
Markov Switching Autoregressive Model for Crude Oil Brent
The model that best explains the nonlinearity of crude oil Brent is the MSIH(3)-AR(0) which has the smallest values of the HQ (-5.4687) and SIC (-5.4432) , and the largest value of the LR statistic (400.2764). According to the LR statistic, the model with the most descriptive power is the MSIH(3)-AR(0) with three regimes.
Coefficients of the MSIH(3)-AR(0) model for crude oil Brent are shown in Table 7 . As for the crude oil WTI futures, regime 1 is the slightly downward regime, regime 2 is the slightly upward regime, and regime 3 is the sharply downward regime.
As was the case with the transition possibilities for crude oil WTI, the matrix of transition probabilities for crude oil Brent (Table 8) shows that there is a strong probability that any given observation will be in the same regime as the observation that immediately preceded it. For the models of crude oil Brent futures, the greatest number of observations (782) belong to the slightly downward regime (regime 1). Thus, the probability of the slightly downward regime (0.49) is the highest. The durations of all regimes are very similar, ranging from 25 to 30 days. The smallest number of observations (291) and, the lowest probability (0.20) belong to the sharply downward regime (regime 3) that also has the longest duration (30 days). The ergodic probability of regime 1 (0.4873) is the highest among the three states, a result that is similar to crude oil WTI futures model.
Regime Probabilities and Business Cycle Dates
The regime probabilities of the MSIH(3)-AR(0) model for crude oil futures are shown in Figures 2 and 3 . The cycle dates of the models are shown in the tables that follow (Tables 10  and 11 ). Both the figures and tables indicate that Brent switches more between regime 1 and regime 2 than does WTI. These switching mechanisms cause the difference in the durations noted in Tables 4 and 8 . In contrast to regime 1 and regime 2, the regime 3 cycle dates are nearly the same for both the models.
While economic events affect oil market prices, they also affect global demand and supply. Despite the difficulties in specifying the RS dates in detail, we tried to relate the RS mechanism to business cycles on the basis of the Markov Switching time series analysis first applied. If the cycle dates of crude oil futures are considered in relation to the business cycle, the slightly upward regime (regime 2) of our models is associated with the minimum world GDP growth which occurred in 2012 and 2013 (2.5%, and 2.48%, respectively).
Following the steady prices between $70 and $80 in the first 11 months of 2010, the last month of 2010 was a growing period which was observed to be in regime 2. The oil futures prices in both the second period of 2014 and the whole of 2015 have followed a falling trend and never reached $100 USD after July 2014. This period of high volatility has been seen in regime 1 and regime 3.
Conclusion
As extreme price movements have recently been recorded, the interest in predicting oil futures prices has been renewed. In this study, we found evidence that the behavior of oil futures prices changes conditional on the state of other related economic variables. The findings indicate that oil prices have a nonlinear pattern involving three regimes. The model which best describes the oil futures logarithmic returns is the MSIH(3)-AR(0). The regime switching mechanism in the MSIH model is specified by the intercept (I) and volatility/heteroskedasticity (H).
The three regimes that the models identify are the same for the two analyzed time series. They are: regime 1, slightly downward (with high volatility); regime 2, slightly upward (with low volatility); and regime 3 sharply downward (with high volatility).
The slightly downward period has the greatest number of observations for both crude oil WTI futures (728 days) and crude oil Brent futures (782 days). On the other hand, the sharply downward period has the smallest number of observations for both crude oil WTI futures (306) and crude oil Brent futures (291). Additionally, the difference in the durations of the periods is important. In particular, the duration of the slightly upward period is significantly different between the crude oil WTI and the crude oil Brent futures, 80 days for crude oil WTI futures and 25 days for crude oil Brent futures. The nonlinear structure of oil futures prices and the probabilities and durations of the regime switching mechanisms in this model are important for international investors who invest in oil futures. For instance, if the market is not too volatile and returns are positive, an investor should expect these returns for 80 days for crude oil WTI futures, and 20 days for crude oil Brent futures. We need to specify that there are many economic events and other reasons which are causes of switching mechanisms, and there is a wide potential study area on this subject. While we consider that volatility or heteroskedasticity (H) is important in specifying the regime switching mechanism in modelling returns, modelling the volatility of oil futures markets with the Markov regime switching GARCH models would be another potential area for study. 
